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Abstract. This paper proposes a lot aggregation optimization model for minimizing the traceability 
effort at a grain elevator. The problem involves blending of bulk grain to meet customer 
specifications. A mathematical multi-objective mixed integer programming (MIP) model is proposed 
with two objective functions. The objective functions allow in calculating the minimum levels of lot 
aggregation and minimum discounts that need to be applied to a shipment when the customer 
contract specifications are not met. Constraints on the system include customer contract 
specifications, availability of grain at the elevator and the blending requirements. The solutions 
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include the quantities of grain lots from different bins to be used for blending for a shipment while 
using the minimum number of storage bins and the total discounts to be applied. The numerical 
results are presented for two shipment scenarios to demonstrate the application of this model to bulk 
grain blending. The Pareto optimal solutions were calculated that represent the different optimal 
solutions for the blending problem. This provides the elevator management with a set of blending 
options. This model provides an effective method for minimizing the traceability effort by minimizing 
the food safety risk. Besides minimizing the lot aggregation, this model also allows in using the 
maximum volume of grain present in a given bin which leads to emptying of the storage bins and the 
extent of aggregation of old grain lots with the new incoming lots can decrease considerably. Use of 
fewer bins for blending shipments is also easier logistically and can lead to additional savings in 
terms of grain handling cost and time.  
Keywords.  Lot aggregation, optimization, mixed-integer linear programming, traceability, bulk grain 
handling 
(The ASABE disclaimer is on a footer on this page, and will show in Print Preview or Page Layout 
view.)
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Introduction 
Consumer experiences with food safety and health issues combined with previously increasing 
demand for high quality food and feed products have created increasing interest in developing 
systems to aid in food traceability efforts. Under the European Union law, “traceability” means 
the ability to track any food, feed, food-producing animal or substance that will be used for 
consumption, through all stages of production, processing and distribution (EU Law, 2002). 
Traceability is important for many reasons such as responding to the food security threats to 
documenting chain of custody, documenting production practices, meeting regulatory 
compliance, and analyzing logistics and production costs. Moe (1998) defines traceability as the 
ability to track a product batch and its history through the whole, or part, of a production chain 
from harvest through transport, storage, processing, distribution and sales or internally in one of 
the steps in the chain for example the production step. 
Grain elevators handle bulk commodities marketed against generic grade standards. Grain lots 
are blended in order to meet buyer specifications and to maximize profit. As a result of this 
blending, the lot identity is not maintained. The problem under study is taken from an Iowa co-
op, Farmers Cooperative Company that handles bulk commodities including corn and 
soybeans. The elevator buys grain with different quality characteristics in terms of moisture, test 
weight, damaged material and foreign material from the farmers. These incoming grain lots are 
assigned to one or more storage bins depending on the quality and space constraints. As a 
result, one storage bin can contain grain from many different sources. The elevator blends and 
sells the bulk grain to its customers. Different grain lots from various bins are blended to meet 
the customer contract specifications. A discount is applied if the given shipment does not meet 
the specifications. There are no premiums if the quality is better than what is required. So, the 
objective while blending different lots is to be as close to the specifications as possible. Figure 1 
shows a typical lot aggregation scenario where the incoming lots can be assigned to one or 
more bins and grain is blended from different bins for an outgoing shipment.  
While the elevator blends grain to meet the specifications, there are no restrictions on the 
number of bins that can be used. A specific grain load shipped to a customer can contain grain 
from all available. In case of a food related emergency, it would be almost impossible to connect 
the source with the problem, which would lead to a recall of all the finished goods that might 
have a chance of being contaminated. This process is very time consuming, increases recall 
costs, and can lead to a tainted brand name. So, the risk in case of a food safety increases. 
Currently, the Farmers Cooperative Company uses blending optimization software with a goal of 
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minimizing the discounts (in turn, maximizing net profit). Minimization of food safety risk is not 
considered in this model. In most cases, all bins contribute to an outgoing shipment. Only a 
fraction of the total volume of grain present in a bin is used for blending, so the bins are not 
emptied. New incoming lots are constantly added to bins already containing grain. This causes 
a continual aggregation state and many grain lots get commingled even before they are blended 
for shipment. Food safety risk is not considered by the elevator. 
 
 
Figure 1. A typical lot aggregation scenario 
 
The interest in developing food traceability systems is increasing continuously. Consumers 
demand more in terms of food safety. For food industry, the emphasis is not only to decrease 
recalls but also limit the number of batches that constitute a given finished product in order to 
decrease the product quantities to be recalled (Dupuy C, et. al., 2005). For instance, after a 
recall of minced beef products due to BSE, a French producer not only improved the accuracy 
of their traceability system but also decreased the number of mixed batches of meat in one 
batch of minced beef (Gattengo, 2001). Dupuy et. al. proposed a batch dispersion model to 
optimize traceability in food industry by minimizing the batch size and batch mixing. This model 
calculates the minimum batch dispersion which is given by the sum of links between the raw 
material batched and the finished product batches.  
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The mathematical programming approach is extensively used for many blending problems. Shih 
and Frey (1995) proposed a coal blending optimization model to minimize the expected costs of 
coal blending while minimizing the expected sulphur emissions. Singh et. al. (2000) proposed a 
gasoline blend optimization model that could provide competitive benefit for oil refiners. While 
LP models have been used for blending optimization of bulk products like coal, wine, and 
gasoline, the application to grain blending is limited to minimizing discounts. Minimization of lot 
aggregation that can minimize the quantity of products recalled in case of an emergency has not 
been studied widely.  
A mixed-integer program (MIP) is a linear program with additional constraints that some of the 
variables must take on integer values while a multi-objective linear programming model is an LP 
model requiring several, simultaneous objective functions. Such models have the advantage of 
accurately representing the real multi-criteria nature of certain situations (Benayoun, et. al. 
1971). In this paper, we propose a multi-objective MIP that seeks to minimize the number of 
bins that are used for blending a shipment while minimizing the shipment discounts at the same 
time.  
 
Mathematical Model 
One of the two objectives of the mathematical model is to calculate the minimum levels of lot 
aggregation. In other words, the goal is to calculate the minimum number of storage bins that 
can be used for blending grain for an outgoing shipment. When fewer bins are used for a 
shipment, food safety risk can be minimized as there will be fewer lots present in a shipment to 
a customer. At the same time, the grain elevator needs to minimize the shipment discounts. A 
discount is applied when the shipment does not meet the customer contract specifications. 
Therefore, a multi-objective mixed integer model is proposed for the problem with two objectives 
of minimizing the number of bins used for blending a shipment and minimizing the discount. The 
model includes the quality of the incoming grain lots, number of storage bins available, 
customer contract specifications, etc. to minimize the number of storage bins used to create an 
outbound shipment. The parameters and variables are summarized in Table 1.  
The total volume of grain blended for the outgoing shipment must be equal to the customer 
contract specification. The contract specifications provide upper limits for moisture, damaged 
material and foreign material and lower limit for test weight. The optimization model is 
represented in Table 2. The first objective function allows in minimizing the number of bins used 
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for blending grain for a shipment while the second objective function minimizes the total 
shipment discount if the customer specifications are not met.   
 
Table 1. Summary of data and variables 
PARAMETERS 
Bi 
Mi 
Ti 
Di 
Fi 
Volume of grain in storage bin number i, Bushels (bu) 
Moisture content of grain in bin number i, % 
Moisture content of grain in bin number i, % 
Moisture content of grain in bin number i, % 
Moisture content of grain in bin number i, % 
Cb Customer specification of shipment volume, bu 
Cm Customer specification of moisture content, %  
Ct Customer specification of test weight, lb/bu 
Cd Customer specification of damaged material, %  
Cf 
Dm 
Dt 
Dd 
Df 
Customer specification of foreign material, % 
Discount for moisture to customer, $/bu 
Discount for test weight to customer, $/bu 
Discount for damaged material to customer, $/bu 
Discount for foreign material to customer, $/bu 
VARIABLES 
Yi Binary variable equal to 1 if bin i is used for blending for a shipment, 0 otherwise 
Xi Volume of grain used for blending from bin i, bu 
Sm Moisture content of blended grain for shipment, %  
St Test weight of blended grain for shipment, lb/bu 
Sd Damaged material content of blended grain for shipment, %  
Sf 
Zm 
Zt 
Zd 
Zf 
Foreign material content of blended grain for shipment, % 
Total shipment discount for moisture, % 
Total shipment discount for test weight, % 
Total shipment discount for damaged material, % 
Total shipment discount for foreign material, %  
 
 
 
  
 
Constraint (1) states that if bin i is used for blending, then, the volume of grain drawn from it 
must be less than the available volume in that bin. Constraint (2) states that the total volume of 
grain blended for various bins must be equal to the customer specification for bushels to be 
shipped. Constraints (3) – (6) state that the quality of outgoing shipment must be within 
specifications, otherwise a discount is applied which will penalize the second objective function 
that minimizes the total shipment discount. Equations (7) – (10) calculate the quality 
characteristics of the outgoing shipment based volumes drawn from different bins (based on 
constraint (1)).  
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Table 2. Mathematical model 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  
  
 
Procedure 
The GLPK package combined with determination of Pareto optimal solutions was used to solve 
this multi-objective mixed integer program. The data obtained from Farmers Cooperative (FC) 
Company, Farnhamville, Iowa was used to demonstrate two shipment blending solution 
scenarios. The results were compared to the blending optimization results from the optimizer 
used by FC. Finally, sensitivity analysis was conducted by changing some of the constraints. 
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The contract specifications for soybeans were changed and the same soybean data as 
represented in Table 4 was used to find the new optimal solutions. 
Numerical Examples 
 Two elevator scenarios and shipment specifications were chosen for the numerical 
examples. The two scenarios include shipment cases for corn and soybeans respectively and 
are summarized in Tables 3 and 4.  It can be noted that in both cases, there are only a few 
storage bins that contain grain with a high percentage of damaged material or foreign material. 
During the blending process, the elevator would try to blend-off such low quality grain as quickly 
as possible by always using these bins for a shipment. While solving these two examples, this 
fact was considered, and the model was set up to use the storage bins containing the bad 
quality grain. 
 
Table 3. Grain elevator scenario and shipment specifications - CORN 
Bin 
Number 
Grain Quantity 
(Bi), bu 
Moisture 
(Mi), % 
Test Weight 
(Ti), lb/bu 
Damaged Material 
(Di), % 
Foreign Material 
(Fi), % 
1 9,412 14.5 56.0 0.8 0.5 
2 21,644 14.0 56.0 0.7 2.1 
3 19,302 14.8 55.5 0.7 0.8 
4 31,248 16.7 56.0 1.8 2.0 
5 6,708 12.8 54.0 35.0 6.0 
6 30,927 14.0 56.2 1.5 2.0 
7 31,694 16.0 56.8 1.5 1.5 
8 2,968 15.0 42.0 5.0 50.0 
9 31,248 14.7 56.0 1.5 2.0 
10 30,979 14.8 56.0 1.8 1.8 
11 31,285 13.3 56.8 1.0 3.5 
12 200,759 14.5 55.5 1.5 2.0 
13 200,968 14.0 56.0 1.0 2.3 
Grain Quantity (Cb), 
bu 
Moisture 
(Cm), % 
Test Weight 
(Ct), lb/bu 
Damaged 
Material (Ct), % 
Foreign Material 
(Cf), % 
451,763 15.0 54.0 5.0 3.0 
Discounts (D), $/bu 0.02 0.02 0.03 0.01 
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Table 4. Grain elevator scenario and shipment specifications - SOYBEANS 
Bin 
Number 
Grain Quantity 
(Bi), bu 
Moisture 
(Mi), % 
Test Weight (Ti), 
lb/bu 
Damaged 
Material (Di), % 
Foreign Material 
(Fi), % 
1 14,519 11.0 55.7 0.6 0.8 
2 19,903 11.0 55.7 0.5 0.8 
3 20,011 10.8 56.0 0.5 0.7 
4 19,063 11.5 55.0 1.0 3.0 
5 7,276 12.5 56.0 0.4 0.7 
6 20,103 11.3 55.7 0.5 0.6 
7 4,906 12.5 56.5 2.0 1.0 
8 5,962 11.0 55.3 0.5 0.6 
9 19,174 11.5 55.9 0.4 0.6 
10 20,011 11.0 56.0 0.5 0.7 
11 9,517 11.3 56.0 0.5 0.8 
12 28,340 11.0 55.7 0.7 0.8 
13 28,887 11.3 55.8 0.5 1.0 
14 3,269 12.0 53.5 88.0 5.0 
15 28,292 12.5 55.8 2.0 1.0 
16 29,002 11.2 57.0 0.5 1.0 
17 27,886 10.5 55.0 0.4 0.9 
18 1,687 12.5 55.2 0.5 10.0 
19 29,407 11.0 57.0 0.5 0.7 
20 28,900 11.0 57.0 0.4 0.6 
21 6,174 11.5 50.3 9.0 28.8 
22 29,154 11.3 57.5 1.0 0.8 
23 28,375 11.0 55.0 1.0 1.0 
24 235,275 10.8 55.8 0.8 0.8 
25 50,000 11.0 55.8 0.8 0.8 
Grain Quantity (Cb), 
bu 
Moisture 
(Cm), % 
Test Weight 
(Ct), lb/bu 
Damaged 
Material (Ct), % 
Foreign Material 
(Cf), % 
426,768 14.0 54.0 3.0 2.0 
Discounts (D), $/bu 0.025 0.01 0.01 0.08 
 
Results and Discussion 
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The data values given in Table 3 were used to solve the corn blending optimization problem. 
Additional constraints were added to set variables Y5 and Y8 equal to 1 so that bins 5 and 8 
containing low quality corn will be used for blending as much as possible. The optimal solutions 
for the multi-objective problem are summarized in Table 5. In this blending case, both objective 
values (the number of bins used in blending and total shipment discount) are the same but the 
quality of the outgoing shipments is different. Since, there are no premiums for a better quality 
of grain when the specifications are met, either one of the optimal solutions can be used for 
making blending decision. The quality characteristics obtained from the second objective 
function are a poorer than the first objective function. One of the goals of an elevator is to get rid 
of the low quality grain first. So, in this case, the management might decide to use the second 
optimal solution.   
Table 5. Optimal solutions for blending corn shipment  
 
Objective 
Function 
Number of 
bins used 
Discount, 
$ 
Moisture 
content % 
Test Weight, 
lb/bu 
Damaged 
Material, % 
Foreign 
Material, % 
1  6 0 14.14 55.76 1.74 2.58 
2 6 0 14.26 55.70 1.80 2.46 
   
 Similarly, the variable values given in Table 4 were used to solve the soybean blending 
optimization problem. Additional constraints were added to set variables Y14 and Y21 equal to 1 
so that these bins containing low quality of soybeans would be used for blending. The optimal 
solutions for the multi-objective problem are summarized in Table 6. Unlike the corn blending 
problem, in this case, the two objective functions have different solutions for the number of bins 
used but the total discount in both cases in $0. Since there are no premiums for a better quality 
of grain when the specifications are met, the first solution must be selected in this case as the 
risk in terms of number of bins used to blend the shipment is lower than the second solution. 
Using fewer bins is logistically easier for the elevator, with less time taken to load the shipment.  
Table 6. Optimal solutions for blending soybean shipment  
 
Objective 
Function 
Number of 
bins used 
Discount, 
$ 
Moisture 
content % 
Test Weight, 
lb/bu 
Damaged 
Material, % 
Foreign 
Material, % 
1 9 0 10.89 56.06 1.54 1.30 
2 15 0 10.88 55.71 1.50 1.32 
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Figures 2 and 3 show a comparison of the results obtained from our blending optimization 
model and the blending results for the same data obtained from the elevator for corn and 
soybean data respectively. It can be seen that the elevator model uses all bins to blend the 
shipment in both cases while the multi-objective MIP model uses significantly less bins. Also, in 
both cases, the new model utilizes more whole bins (higher proportion of total grain volume 
available). This leads to emptying of the bins used for blending and would provide the elevator 
with an opportunity to clean-out empty bins. In practice, some bins go up to one year without 
being emptied which causes further aggregation with the incoming lots that are constantly 
added to these bins. If periodic emptying becomes necessary for product management, the MIP 
model would provide equally profitable blending alternatives.    
 
Figure 2. Comparison of blending results of elevator model and the new multi-objective blending 
optimization model – Corn 
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Figure 3. Comparison of blending results of elevator model and the new multi-objective blending 
optimization model – Soybeans 
Table 7 shows a summary of the quality characteristics of the final shipment blends using the 
two different models. The quality characteristics are within the specifications for both 
optimization models. The quality characteristics for the elevator model for soybean blending 
case were closer to the specifications while the new model provides a better quality blend. The 
elevators usually want to get rid of more bad quality grain by blending it off. However, there is 
no premium for a better quality grain, so using the new model would be more beneficial in terms 
of minimizing the food safety risk by minimizing the number of bins used and increasing empty 
bin situations.  
Table 7. Summary of quality characteristics of final blend 
 
  CORN SOYBEANS 
Characteristic 
Elevator 
Model  
 New 
Model   Specification 
Elevator 
Model  
 New 
Model  Specification 
Moisture (%) 14.46 14.26 < 15.00 11.01 10.89 < 14.00 
Test Weight (lb/bu) 55.84 55.70 > 54.00 55.58 56.06 > 54.00 
Damaged Material (%) 1.78 1.80 < 5.00 1.58 1.54 < 3.00 
Foreign Material (%) 2.45 2.46 < 3.00 1.95 1.30 < 2.00 
 
Sensitivity Analysis 
 Sensitivity analysis was performed by changing the customer contract specifications for 
the soybeans shipment. The new specifications are shown in Table 8. The results of the 
optimization model are summarized in Table 9. There was a discount that was applied to the 
shipment in this case as the quality did not meet the customer contract specifications. The two 
objective functions provide different solutions for the number of bins to be used for blending and 
the total discount. The first objective function that minimizes the number of bins provides a 
solution where 9 bins can be used but the discount is $23,139 whereas the second objective 
function that minimizes the discount provides a solution where 14 bins must be used with a 
lower discount of $17,057. In this case, the elevator management needs to consider the trade-
offs between reducing the food safety risk by minimizing blending and saving money.  
Table 8. New customer specifications for soybeans  
 
Grain Quantity (Cb), 
bu 
Moisture 
(Cm), % 
Test Weight 
(Ct), lb/bu 
Damaged 
Material (Ct), % 
Foreign Material 
(Cf), % 
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426,768 11 56 1 0.25 
Discounts (D), $/bu 0.025 0.01 0.01 0.08 
 Table 9. Optimal solutions for blending soybeans shipment 
 
Objective 
Function 
Number of 
bins used 
Discount, 
$ 
Moisture 
content %
Test Weight, 
lb/bu 
Damaged 
Material, % 
Foreign 
Material, % 
1 9 23,139.30 10.89 56.06 1.54 1.30 
2 14 17,056.60 10.92 56.07 1.00 0.75 
 
Pareto optimal solutions were calculated for this scenario and are shown in Table 10 and also 
displayed in Figure 4. As a set of different optimal solutions is available, the management can 
make the blending decisions based upon the trade-off between risk and profit. 
Table 10. Pareto optimal solutions 
 
Pareto 
Optimal 
Solution 
Number of 
bins used 
Discount, 
$ 
Moisture 
content %
Test Weight, 
lb/bu 
Damaged 
Material, % 
Foreign 
Material, % 
1 8 18,490.40 10.83 56.14 1.00 0.79 
2 10 17,070.70 10.87 56.07 1.00 0.75 
3 11 17,060.50 10.90 56.07 1.00 0.75 
4 9 17,412.10 10.87 56.07 1.00 0.76 
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Figure 4. Pareto optimal solutions for blending the soybean shipment with new contract 
specifications 
 
Conclusions 
 
 In this paper we proposed a mathematical model for minimizing the food traceability 
effort while minimizing the cost for blending operation at a grain elevator. The results were 
compared to the blending optimizer used by the elevator. Our model provides an optimal 
solution where the number of bins used is considerably less than the number of bins used by 
the elevator’s model. It also provides optimal blending solutions while minimizing the level of lot 
aggregation as well as minimizing the shipment discounts. Usually, the grain bins are cleaned 
out only when they are emptied and in many cases they are not emptied for up to one year. 
New incoming grain lots are constantly added to the bins and the extent of aggregation can be 
immeasurable. Since this optimization model minimizes the number of bins used for blending a 
shipment; it in turn maximizes the proportion of grain drawn from these bins. This provides an 
opportunity for cleanouts and the aggregation with incoming lots can be reduced to a great 
extent. The use of this model would provide additional savings to the elevator company in terms 
of time and money used for handling the grain since the use of fewer numbers of bins is 
logistically easier. The multi-objective MIP provides a set of Pareto optimal solutions. So, the 
management has several blending options and the decision can be made depending on the 
specific situation.     
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